Introduction 76
The land ecosystems in northern high latitudes (>45° N) occupy 22% of the global 77 surface and store over 40% of the global soil organic carbon (SOC) 
Methods 126

Overview 127
First, we describe how we developed the new model (MIC-TEM-dormancy) by 128 incorporating the microbial dormancy trait into an existing microbial-based biogeochemistry 129
model (MIC-TEM). Second, parameterization and validation of MIC-TEM-dormancy using 130
observed net ecosystem exchange data, and heterotrophic respiration data at representative sites 131 have been shown. Third, we applied the model to northern high latitudes (above 45 °N) for the 20 th 132 and 21
st centuries, to demonstrate the dormancy effects. 133 134
Model description. 135
A non-dormancy version of biogeochemistry model (MIC-TEM) has been developed by 136 incorporating a microbial module (Allison et al., 2010) into an extant large-scale biogeochemical 137 model (TEM) to explicitly (Zhuang et al., 2001 (Zhuang et al., , 2002 (Zhuang et al., , 2003 consider the effects of microbial 138 dynamics and enzyme kinetics on carbon dynamics (Zha & Zhuang, 2018 ). Here we further 139 advanced the MIC-TEM by incorporating algorithms that describe the effects of microbial 140 dormancy dynamics based on He et al. (2015) . Different from He et al. (2015) , in which 141 microbial module was driven with existing data of carbon stocks and fluxes, our study 142 incorporated the microbial module into an extant MIC-TEM that simulates carbon data 143 dynamically. This coupling enables us to extrapolate our model to whole northern high-latitudes 144 6 region, rather than only for temperate forest region in He et al. (2015) . In our new model (MIC-145 TEM-dormancy), microbial biomass pool was divided into two fractions, including the dormant 146 and active microbial biomass pools. The two microbial biomass pools and the reversible 147 transition between them have been considered explicitly in the new model, which was ignored in 148
MIC-TEM (Figure 1). 149
In previous MIC-TEM, heterotrophic respiration (RH) is calculated as: 150 RH=ASSIM*(1-CUE)
(1) 151
Where ASSIM and CUE represent microbial assimilation and carbon use efficiency, respectively. 152
For detailed carbon dynamics in MIC-TEM, see Zha & Zhuang (2018) . 153
Here we revised MIC-TEM by incorporating microbial dormancy dynamics according to 154 He et al. (2015) . In the new model (MIC-TEM-dormancy), the soil heterotrophic respiration RH is 155 comprised of three parts: the maintenance respiration from the active and dormant microorganisms 156 and the CO2 production through the process of microbial assimilation (He et 
Where Ks is the half saturation constant for substrate uptake as indicated by the Michaelis-Menten 177 kinetic, and S is soluble C substrates that are directly accessible for microbial assimilation (Wang 178 et al., 2014 ). Here we quantified concentration of soluble C substrates that are directly accessible 179 for microbial assimilation by using conceptual framework from Davidson et al. (2012) : 180
The term 'Soluble C' denotes the state variable of soluble carbon pool. Dliq is the diffusion 182 coefficient of the substrate in the liquid phase, and is formulated as Dliq = 1/(1-BD/PD) 3 . BD is the 183 bulk density and PD is the soil particle density. θ is the volumetric soil moisture. 184
Different from MIC-TEM, the transitions between active and dormant microbial biomass are 185 included in MIC-TEM-dormancy. We used B a→d and B d→a denotes the transition from the active 186 to dormant microbe and from the dormant to active microbe, respectively (He et 
=EPROD-ELOSS (17) 220
With the modification of microbial carbon dynamics by considering microbial life-history trait, 221 soil decomposition is changed since it is controlled by microbes. When microbial dormancy is 222 considered, the number of active microbes that participate in soil decomposition is different. The 223 changes in soil decomposition directly influence the amount of soil respiration, and further 224 influence soil nitrogen (N) mineralization that determines soil N availability for plants, affecting 225 gross primary production (GPP). Since both GPP and soil respiration (RH) can be affected by 226 microbial dormancy, net ecosystem production (NEP) will also be affected. 227 228
Model parameterization and validation 229
The detailed description of parameters that are related to microbial dormancy can be found 230 sites with gap-filled monthly net ecosystem productivity (NEP, gCm -2 mon -1 ) data in northern high 232 latitudes (Table 2) . Site-level climatic data and soil texture data were organized for driving model. 233
All sites information can be found on AmeriFlux network (Davidson et al., 2000) . The results for 234 model parameterization were presented in Figure 2 . We conducted the parameterization using a 235 global optimization algorithm known as SCE-UA (Shuffled complex evolution) method (Duan et 236 al., 1994 ). An ensemble of 50 independent sets of parameters were performed based on prior ranges 237 from literature (Table 1) For model validation, we chose another six sites that containing monthly NEP data from 245
AmeriFlux network (Table 3) . Moreover, we also conducted site-level validations with monthly 246 soil respiration data from AmeriFlux network and Fluxnet dataset. The site information was 247 provided in Table 4 . For these sites, we assumed 50% of soil respiration was heterotrophic 248 respiration (RH) for forest (Hanson et al., 2000) , 60% and 70% of that was RH for grassland (Wang 249 et al., 2009 ) and tundra (Billings et al., 1977) . Because there is a limited amount of measured data 250 of heterotrophic respiration, we could not conduct a regional validation for all pixels in northern 251 literatures were also used. In our model, we assumed that soil texture, elevation, and potential 279 natural vegetation data only vary spatially, not vary over time (Zhuang et al., 2015) . 280
In addition, regional simulations over the 21 st century were conducted under two 281
Intergovernmental Panel on Climate Change (IPCC) climate scenarios (RCP 2.6 and RCP 8.5). 282
The future climatic forcing data under these two climate change scenarios were derived from the 283
HadGEM2-ESmodel, which is a member of CMIP5project213 (https://esgf-284 node.llnl.gov/search/cmip5/). Then the regional estimations were obtained by summing up the 285 gridded outputs for our study region. The positive simulated NEP represents a CO2 sink from the 286 atmosphere to terrestrial ecosystems, while a negative value represents a source of CO2 from 287 terrestrial ecosystems to the atmosphere. 288 289
Results 290
Inversed Model Parameters and model validation 291
Using SCE-UA ensemble method, 50 independent sets of parameters were converged to 292 minimize the objective function. Then the optimized parameters are calculated as the mean of these 293 50 sets of inversed parameters. The boxplot of parameter posterior distributions reflects different 294 ecosystem properties at these sites ( Figure 3 ). For instance, carbon use efficiency (CUE) was much 295 higher in tundra types than in forests, meaning microorganisms in environment with higher energy 296 limitation tend to enhance the efficiency of energy transportation. Besides, alpha, the maintenance 297 weight, was also much higher in tundra types than in forests. The opposite can be seen from 298 parameter beta, the ratio of dormant maintenance rate to specific maintenance rate for active 299 
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biomass. Other microbial related parameters did not differentiate much among different vegetation 300
types. 301
After parameterization, the MIC-TEM-dormancy was validated with monthly NEP data for 302 six representative ecosystems, and the comparisons between monthly observed NEP and 303 simulated NEP were presented in Figure 4 . With the optimized parameters, the dormancy-based 304 model was used to reproduce NEP to compare with the measured NEP ( Table 5) . The statistical 305 analysis shows that R 2 ranges from 0.67 for Atqasuk to 0.93 for Bartlett Experimental Forest 306 (Table 5) . Generally, our new model performs better for forest ecosystems than for tundra 307
ecosystems. Compared with MIC-TEM, which is no dormancy-based, dormancy model performs 308
better for alpine tundra, temperate coniferous forest, and grassland. For other sites, two models 309 show similar performance (Table 5 ). Another set of sites with monthly soil respiration data were 310 selected to conduct model validation. The comparisons between monthly observed RH and 311 simulated RH from two contrasting models were conductd ( Figure 5 ). MIC-TEM-dormancy has 312 higher R 2 and lower RMSE (Table 6) respectively (Figures 7a and 7b ). This pronounced difference of NEP between two models comes 334 from the disparity between the simulated NPP and RH with them. Without considering dormancy, 335 MIC-TEM estimates more active microbial biomass since it assumes the whole microbial biomass 336 pool will participate in soil decomposition. The fact is only active part of microbial biomass can 337 work for soil decomposition, meaning MIC-TEM overestimates RH. On the other hand, 338
Overestimation of RH can induce higher nitrogen uptake by plants, which will accelerate rate of 339 photosynthesis and further enhance NPP projection. Although MIC-TEM estimates higher NPP 340 and RH than MIC-TEM-dormancy does, NEP estimated from MIC-TEM is actually lower. 341
The average annual seasonal patterns of NPP, RH and NEP during the 1990s were also 342 organized from regional simulations with two models (Figure 8 
Conclusions 475
This study incorporated microbial dormancy into a detailed microbial-based soil 476 decomposition biogeochemistry model to examine the fate of large Arctic soil carbon under 477 changing climate conditions. Regional simulations using MIC-TEM-dormancy indicated that, 478 over the 20 th century, the region is a carbon sink of 153.5 Pg. This sink could decrease to 129.9 479
Pg under the RCP 8.5 scenario or 123.6 Pg under the RCP 2.6 scenario during the 21 st century. 480
Whether considering microbial dormancy or not can cause large differences in soil 481 decomposition estimation between two models. Meanwhile, due to available nitrogen affected by 482 soil decomposition, net primary production is consequently influenced in these two centuries. 
